This paper investigates an unsupervised approach for fabric defect detection using un-decimated wavelet decomposition and simple statistical models. A novel data fusion scheme is proposed to merge the information from the different channels into a unique feature map in which potential defective regions will be highlighted distinctly. The distribution of the pixel values corresponding to the defect-free background texture in the feature map is modeled as per the Gumbel distribution model whose parameters are estimated by partitioning the feature map into a set of small patches. By calculating the log-likelihood value of each patch, a log-likelihood map (LLM) can be conveniently created, which provides a good cluster representation of the non-defective regions. A simple thresholding procedure then follows to discriminate between defective regions and homogeneous background in the LLM. The performance of the method has been extensively evaluated using a variety of real fabric samples, and the effectiveness of the proposed scheme has been verified by experimental results in comparison with other methods.
INTRODUCTION
Owing to a highly competitive market environment, surface defect detection has become one of the major concerns of many industries. Since an automated machine vision-based inspection (AVI) system is capable of providing a far more consistent and reliable quality control process than human vision-based inspection, the development of AVI systems has gained a lot of attention during recent years. For textured materials like fabric and leather, however, this task remains a challenging problem. A potential defect in such materials can be regarded as an abnormality that locally breaks the homogeneity of the background texture since patterns embedded in their surfaces are generally highly similar to each other. The key to the inspection is to develop an appropriate measure for discriminating between potential defects and a normal texture pattern. Unfortunately, because of the motion or elasticity of material bodies, those regular texture components themselves may vary locally in their gray value distribution, pattern shape, size and orientation [1] . Also, different types of defects encountered in a wide variety of textured surfaces may also exhibit highly inconsistent properties.
Until now, many approaches have been proposed to address the problem mentioned above, and the most commonly used ones can be broadly classified into two categories: filter-based and feature-based. The filter-based approach aims to eliminate or attenuate the homogeneous texture patterns in the background so that the preserved defects can be easily segmented by using various conventional inspection techniques designed so far for non-textured images. Fourier transform, Gabor transform and wavelet transform are frequently utilized for this purpose.
Fourier analysis is ideally suited for describing periodic texture patterns which generally show a very regular and distinguishable distribution of frequency components in the Fourier domain. By zeroing out some particular frequency coefficients, global repetitive patterns can be effectively eliminated from the background of the reconstructions [2] [3] [4] [5] . The main problem of the Fourier based scheme is that the Fourier kernel is of infinite length, and therefore it is difficult to quantify the contribution of each spectral component.
Gabor transform offers more localized information from multi-directions. For textures with highly specific frequency and orientation characteristics, Gabor filters can be optimized so that background patterns will be significantly attenuated after filtering http://www.jeffjournal.org Volume 13 , Issue 1 -2018 operations [6] [7] [8] . Compared with those filter bank based methods, the use of optimal Gabor filters can achieve a relatively higher computational efficiency because the total number of filters required can be greatly reduced. However, the design of optimal Gabor filters is generally a sophisticated task since this involves tuning of a number of filter parameters to match with a specific texture.
Recently, a wavelet-based multiresolution decomposition scheme has become an attractive alternative for texture defect detection. In the wavelet domain, potential defects may show discriminative spectral features other than those of the normal background; therefore, it is possible to remove background patterns by suitable wavelet denoising techniques such as sub-band selection [9] [10] [11] and wavelet shrinkage [12] [13] [14] . In [11] , Tsai and Hsiao proposed a wavelet-based approach for the inspection of defects in homogeneous textured surfaces. By properly selecting either the smooth subimage or the combination of detail subimages in different decomposition levels, the restored image can eliminate regular background patterns but enhance local anomalies which can be later segmented by thresholding. Tsai's group developed a heuristic algorithm to automatically determine the best reconstruction parameters by analyzing the energy distribution of wavelet coefficients [10] .
In many cases, however, perfect decoupling of defect information from the background by filtering methods can be quite a difficult task. A poorly filtered output may show distinct residuals of texture or undesirable fusion effects on the defective regions, which may significantly degrade the inspection accuracy. Many other approaches therefore turn to extract distinguishable textural features from the spatial or the spectral domains. The features extracted from samples under inspection are first compared with those from the standard reference. Any significant local variations are then identified as defects by using appropriate pattern classifiers, such as artificial neural network [15] , support vector machines [16] , and nearest neighbor classifier [17] .
In the spatial domain, a popular technique for feature extraction is the use of the spatial gray-level co-occurrence matrices from which a set of second or higher order statistics can be derived and analyzed [18] . Other useful techniques include the similarity measures [19] , the gray-level arrangement of neighboring pixels [15] and the pattern regularity conducted from the correlation function [20] . In the Fourier domain, Chan [21] introduced several spectral features for describing the characteristics of plain fabric defects, which have been successfully applied to online fabric inspection by Malek et al. [22] .
By performing either the Gabor transform or the discrete wavelet transform (DWT), images can be expanded into multiple resolutions from which a set of powerful features at each scale can be constructed for inspection. In a Gabor-based scheme, this requires a family of Gabor wavelets (filters) tuned to specific frequencies and orientations to capture effective texture features for analyzing [1, 16, 17, [23] [24] [25] [26] [27] . Since Gabor expansion is known to be computationally expensive, a compromise between computational complexity and performance is necessary when determining the number of filters and their parameters.
For the purpose of textural feature extraction, DWT is a good candidate and has been used extensively for texture analysis due to its outstanding computational efficiency [28] [29] [30] [31] [32] . Latif-Amet et al. [29] suggested an approach for detecting defects in textiles by extracting the co-occurrence features from the wavelet sub-band domain, where Mahalanobis distance is utilized as the classifier. Li and Tsai [30] presented an algorithm to separate local defects in solar wafer surfaces. This uses the wavelet coefficients in individual scales as features and the difference of the coefficient values between two consecutive scales as the weights. A similar idea was introduced by Zhu et al. [31] for seam detection of textural patterned fabrics. Kim and Pang [32] presented an approach for defect detection in textiles where the textural features are extracted by wavelet packet frame decomposition, and these features are fed into a Gaussian mixture model to determine whether each pixel is defective or not.
It is noted that most of the aforementioned approaches follow a supervised scheme in which one or more defect-free training samples are required to serve as reference for filter designing or feature comparison. Texture characteristics of the reference are essentially assumed to be highly consistent with those of non-defective regions in testing images. Generally, this indicates that a correct alignment between the reference and testing images needs to be considered. Such methods usually perform well in cases where the background does not change http://www.jeffjournal.org Volume 13, Issue 1 -2018 significantly. However, in a real industrial environment, their performances might be drastically degraded because of the image distortions and misalignment caused by rotation, translation, scaling and inhomogeneous lighting. In contrast, an unsupervised algorithm needs minimal prior knowledge of the background texture features, and it can be adapted to a wide range of industry applications making it more preferable for use in process monitoring.
In this work, the focus is on the development of an unsupervised algorithm for inspection of defects in homogeneously textured materials like fabric. Since our method does not rely on any reference, the problem caused by image distortions and misalignment between the reference and testing images is naturally avoided. The proposed method follows a wavelet domain feature-extraction scheme, where the un-decimated discrete wavelet transform (UDWT) is used instead of the critically sampled DWT to achieve shift-invariance. In order to capture the defect information at different scales effectively, the morphological gradient of the approximation sub-image at the coarsest scale, together with a set of differences of detail sub-images between two consecutive scales, are combined into a unique feature map in which only potential defective regions will be distinctly enhanced. The distribution of pixel values corresponding to the defect-free background in the feature map is then modeled as a Gumbel distribution model with parameters estimated by partitioning the feature map into a set of small patches. With the obtained model parameters, a log-likelihood map (LLM) consisting of the likelihood of each patch can be constructed. This provides a good cluster representation of the non-defective regions. Finally, a simple thresholding procedure is followed to generate the binarized result.
The rest of this paper is organized as follows. Section 2 briefly reviews the un-decimated discrete wavelet decomposition. Section 3 describes the proposed detection methodology. Section 4 demonstrates the experimental results for a variety of real textured samples. Finally, the conclusions of this study are provided in Section 5.
REVIEW OF UN-DECIMATED DISCRETE WAVELET TRANSFORM
It is well known that classical DWT is shift-variant, which means that the DWT of a translated version of a signal is not the same as the DWT of the original signal. Clearly, such a characteristic is undesirable for pattern recognition, and therefore, DWT may not be the best choice for defect detection. In comparison with orthonormal DWT, UDWT is understood to be redundant, linear, and shift invariant, and it can provide better approximation to the continuous wavelet transform.
UDWT can be implemented by up-sampling the high-pass and low-pass wavelet filters instead of down-sampling signals. That is, decimators are omitted in the decomposition, and at each decomposition level, the same length of coefficients will be retained. Given an image ( , ) f x y in N N × resolution, one level of UDWT results in four sub-images of the size N N × : one low-pass sub-image corresponds to the approximation of the original image, and three high-pass sub-images correspond to details in horizontal, vertical, and diagonal directions, respectively. The decomposition process is repeated on the approximation sub-band to generate the further levels of decomposition sequentially. Figure 1 illustrates the process of two dimensional (2D) UDWT using the "à trous" algorithm [33] 
) represents the coefficient matrices of the approximation (A) and horizontal, vertical and diagonal details (H, V, D, respectively) at scale j . 
DETECTION METHODOLOGY Building the Feature Map from Wavelet Decompositions
As the first phase of detection, it is essential to extract a set of texture features with good discriminating capability from the UDWT. As demonstrated in Figure 2 (c), each sub-image captures only partial information about the defective regions.
Therefore, neither the approximation coefficients nor the detail coefficients should be singularly used for feature extraction. However, extracting features directly from each decomposition level of the wavelet domain may yield a relatively high dimensional http://www.jeffjournal.org Volume 13, Issue 1 -2018 feature space and a high-computational burden. A more efficient strategy is to combine the information from different scales and orientations into a unique fused feature map [1, 27, 34] .
In the proposed method a new data fusion scheme is adapted from the visual attention theory [34] that uses center-surround differences to enhance outstanding regions in the image. As indicated in Figure 2(c) , intensity contrast information about the defect lies mainly in the coarse approximations, while local orientation contrast information is well preserved in the detail sub-bands. The intensity contrast can be highlighted in the morphological gradient [35] of the approximation sub-image at the coarsest scale that is calculated as the morphological dilating subtracted by the eroding, (1) where the symbols ⨁ and ⊖ denote the dilating and eroding operators, respectively; J refers to the depth of decomposition, and S is an s-by-s square structuring element.
The local orientation contrast information can be effectively captured by the sum of differences of wavelet detail sub-images between two consecutive decomposition levels.
where 1, 2,..., 1 j J = − . The sum of the differences is then given by
where ( ) N ⋅ is the normalization operator described in [34] that globally promotes maps containing defective regions characterized by a small number of strong peaks of activity, while globally suppressing maps which contain numerous comparable peak responses caused by regularly distributed edges of texture components.
The feature maps ( , ) l M x y and ( , )
h M x y are further combined together to generate a fused feature map in which outstanding defective regions of different sizes will be enhanced while the background texture will be attenuated significantly:
Figures 3(a1) and 3(b1) show, respectively, the fused feature maps for the defect-free and the defective fabric samples presented in Figure 2 . The corresponding results demonstrate that the proposed data fusion scheme can highlight the defective regions while attenuating the background texture, although it cannot guarantee that the background texture would be thoroughly eliminated from the fused map.
f M x y , (b1) and (b2) present the histograms (bar graphs) and the fitted Gumbel models (solid curves).
(a1) (a2) (b1) (b2) 
Modeling the Feature Map by Gumbel Distribution
The fused feature map obtained from Eq. (4) is composed of a set of differences in the coefficient values. Typically, the intensity distribution of this kind of map is skewed, and it exhibits heavy tails of exponential decrease even for a non-defective sample, as shown in Figures 3(a2) and 3(b2) . Therefore, it cannot be adequately modeled by a Gaussian distribution; instead, a Gumbel maximum distribution is found to be more suited for the modeling.
Gumbel distribution has been widely used in applied engineering for modeling extreme values and other types of continuous data among a large set of independent and identically distributed random values [36] . The probability density function for the Gumbel maximum distribution is defined as 
where x denotes the random variable, μ is the tail location parameter, and µ is the scale parameter. The parameters can be estimated by the popular maximum likelihood estimation (MLE). Given that x 1 ,..., xn are the observations following a Gumbel distribution, the log-likelihood function is defined by
Maximizing the above log-likelihood with respect to μ and β results in the following equations which can be solved by the Newton-Raphson method [37] (8)
where x denotes the sample mean, and ͂ µ and ͂ β are the model parameter estimates. The results shown in Figures 3(a2) and 3(b2) demonstrate that the histograms of the fused feature maps can be closely fitted by Gumbel distributions.
Defect Detection
The log-likelihood function defined by Eq. (7) provides a good discriminant measure for robustly identifying defective regions from the background. Without loss of generality, let us consider an image of size N N × . Once the fused feature map is obtained from Eq. (4), it is partitioned into a set of patches (sub-windows) of size
is the total number of patches. In this work, we suppose that defects occupy only a relatively small area of the overall image.
Under this hypothesis, µ and β could be considered as a reasonable approximation of the Gumbel parameters corresponding to those non-defective regions.
For the defect-free and defective samples shown in Figure 2, Figures 4(a1) and 4(b1) present the log-likelihood values displayed as intensity maps (hereafter referred to as LLMs). For the sake of better visualization, both samples are resized with cubic interpolation to make them of the same size as the original samples. It can be observed from Figure 4 that the log-likelihood values in the flawless area are highly flat, while the defective regions are distinctly highlighted. Patch k P can then be labeled as either 0 (defect-free) or 1 (defective) by applying the decision rule below 
denotes the log-likelihood of patch k P (see Eq. (7)). L m and L σ represent, respectively, the mean and variance log-likelihood value for all of the patches, and λ is a control constant. Alternatively, the labeling process can be performed pixel wise on the resized LLM to achieve a more precise segmentation. In this study, the latter one is adopted. The results presented in Figure 4 (b2) clearly show that the defects are successfully detected by the proposed procedure. The above detection scheme is depicted in Figure 5 , and the main steps are summarized as follows:
Step 1. For each image under inspection, performing UDWT to yield the multiresolution representation.
Step 2. Based on the obtained approximation and detail coefficients, constructing the fused feature map using the data fusion scheme described in Section 3.1.
Step 3. Partitioning the fused feature map into a set of patches, and, for each patch, performing the MLE algorithm to estimate the corresponding Gumbel parameters.
Step 4. For each patch, calculating the log-likelihood values based on the median Gumbel parameters to generate the LLM.
Step 5. Applying Eq. (11) to the obtained LLM to generate the binarized result.
EXPERIMENTS AND DISCUSSION
In this section, performance of the proposed algorithm is evaluated by experiments on a wide variety of real textured-samples. The algorithm was implemented in MATLAB language under the Windows 7 operation system that runs on a laptop with a 2.9 GHz processor and 8-GB RAM. Each sample is of size 256 × 256 with 8-bit grey levels.
Throughout the tests, the 'bior4.4' wavelet was selected as the wavelet base. There are two basic considerations for this choice: First, since the localization of defects is manipulated directly in the wavelet domain, the symmetry of wavelet bases is important for improving the precision of localization.
In practice, our empirical tests show that symmetric bi-orthogonal wavelets generally outperform orthogonal wavelets. Second, the length of the wavelet support should be appropriate for the decomposition to have a relatively low computational complexity.
Parameter Value Selection
There are several parameters that must be considered with care in implementing the suggested algorithm: the depth of decomposition J , the size of structuring element s (Eq. (1)) , the patch dimension p N , the overlap ratio γ , and the threshold λ . Table I lists the default settings for these parameters that have been used in the above examples. In the sequel, the default settings will always be used unless specifically mentioned otherwise. The effect of λ will be analyzed in Section 4.4, and the rest are discussed as follows. The quality of a fused feature map is mainly impacted by the parameters J and s . Figures  6(b1-b4)-6(c1-c4) evaluate the impact of varying number of multiresolution levels on the detection results based on the sample shown in Figure 6(a) (Figure 10) , while a larger value is preferred for those in high-resolution. In this case, the results obtained from J = 4 are the best. Figure  7(a) , smaller values can lead to enhanced edges of texture components in the gradient map, while larger values will result in undesirable expansions of defective regions. However, it should be emphasized that, the choice of s is not so crucial because of the statistical scheme employed (see the results shown in Figure 3 and Figure 6 where the residuals of background texture are noticeable in the fused feature maps). Moreover, the results indicate that a non-zero value of γ helps to improve the generated LLM (at the cost of increased computational complexity), especially when the value of p N is large, and the reduction in the total number of patches is significant. 
Results for Various Samples
In this subsection, the performance of the proposed algorithm is evaluated using various textured samples. Figure 9 shows the inspection results for a group of homogenously textured fabric samples. For each type of texture, both the flawless sample and its defective version are provided for a better comparison. As demonstrated in Figure 9 , the LLMs exhibit a high uniformity of gray levels for the non-defective regions, while large deviations for the defective regions. When ignoring distortions at image boundaries (caused by the UDWT of finite-length signals), all the samples have been correctly detected by the proposed algorithm, which indicates that the algorithm is insensitive to texture types. Figure 10 further demonstrates a set of fabric samples with tiny defects in the surface. The number of levels in wavelet decomposition is set to 2 since the texture components have a relatively small size. It can be seen from Figure 10 that all the defects have been effectively segmented by the algorithm, even for the sample depicted in Figure 10(c) where the defects are very subtle. Without any reference, defect detection in materials with less regular texture structures is a very challenging task because of the complex nature of the textural characteristics. Figure 11 presents three wool weave samples with structural textures that are less regular in terms of degrees of periodicity and self-similarity. Unfortunately, although the patch size p N was increased to 32 to improve the quality of the LLMs, some undesirable noisy spots are still left in the segmented results (Figures 11(a) and 11(b) ). The challenge is that, not only local anomalies corresponding to the 'real' defects, but also part of singular characteristics possessed by the 'normal' texture will be preserved in the fused feature map. As demonstrated in Figure 11 
Effect of Uneven Illumination and Changes in Illumination
One of the potential advantages of the proposed algorithm is that it shows promising results for samples under uneven illumination. As the information about illumination concentrates mainly on very low-frequency bands, only the approximation sub-images will be significantly influenced by an uneven illumination. However, such influence will be greatly reduced in the morphological gradient of the approximation. Figure 12 demonstrates the effect of uneven illumination on the detection results. Figure 12 (a) presents defect-free fabric images, and Figures  12(b)-12(d) show the defective samples under uneven illumination. As shown in Figure 12 , for each sample, the LLM exhibits highly uniform gray levels in the background, and all the defective regions are well detected. These results imply that the algorithm is not sensitive to uneven illumination.
In order to evaluate the impact of changes in illumination, Figures 13(a)-13(c) depict, respectively, the underexposed, normal, and overexposed versions of a defective fabric sample. As demonstrated in Figure 13 , the defects are reliably detected for textures under varied illuminations, which implies that changes in illumination have very limited influence on the inspection. 
ROC Analysis
In this sub-section, we use the popular receiver operating characteristic (ROC) graph to further examine the performance of the proposed method, which is then compared against the results obtained from the methods presented in [38] and [2] . Apart from the Gumbel model, the performance of the two-component GMM integrated into the suggested scheme is also evaluated. These methods are denoted http://www.jeffjournal.org Volume 13, Issue 1 -2018 as follows: UDWT_Gumbel and UDWT_GMM: the proposed method based on the Gumbel and GMM, respectively; Rallo09: the method presented in [38] ; DFT_Gradient: the method presented in [2] . For each method, a specific ROC curve was created by sweeping the value of control constant λ from 0 to 16. Other parameters for the methods Rallo09 and DFT_Gradient were taken from [38] and [2] (for the latter, the parameter combination giving the best results was used), respectively.
To facilitate the testing, all the methods were implemented in MATLAB language and executed on the same computer platform. Two groups of data taken from the TILDA textile album [39] were used for the evaluation, denoted by 'c1r1' and 'c1r3', respectively. The samples in each group have identical texture patterns in the background. However, their texture components are in arbitrary directions. Each group contains twenty defect-free images (class 'e0') and forty defective versions picked randomly from the defect classes 'e1'-'e4' (10 for each class).
All the samples were sliced into a size of 256 × 256 to facilitate the mathematical operation involved. In order to assess the resulted binary output images, a set of ground truth segmentations were created by dividing each image into non-overlapping patches of size 16 × 16 and then localizing those defective patches manually. Figure 14 depicts the ROC graphs by plotting pairs of the false alarm rate and the detection rate as points when various decision thresholds are used. It can be observed from Figure 14 that the ROC curve of the UDWT_Gumbel method is nearer to the upper-left corner, which indicates that it performs somewhat better than the other methods in defect detection with respect to both the false alarm and the detection rate.
The overall detection performances of these methods are summarized in Tables II and III , where ACC is the accuracy defined as the ratio of the number of correct decisions to the total number of decisions, and TPR, TNR, FPR, and FNR denote, respectively, the true positive ratio, the true negative ratio, the false positive ratio, and the false negative ratio. As shown in Table II , for the dataset 'c1r1', DFT_Gradient gives the highest detection accuracy. However, this does not necessarily mean that it is the best defect-detection method since it has relatively large values for both FPR and FNR which are undesirable in practical applications. In contrast, UDWT_Gumbel shows not only quite acceptable detection accuracy, but also smaller values for both FPR and FNR. In fact, UDWT_Gumbel exhibits highly satisfactory performance in both cases, although in the latter case, its performance measures are close to those of UDWT_GMM, as demonstrated in Table III . Tables II and III represent the average processing time for each sample. Among all these methods, DFT_Gradient exhibits the best detection efficiency, while the computational requirement for Rallo09 is significantly higher than the others because of its Gabor filter-bank based scheme. The computational requirement for UDWT_GMM is much higher than UDWT_Gumbel, while it does not show significant improvements on the detection results. Figures  15(b1-b3) and 15(d1-d3) illustrate that the LLMs yielded by the GMMs are generally smoother than those produced by the Gumbel models. However, the LLMs yielded by UDWT_GMM also exhibit lower contrast between the defect and the background, which has a negative influence on the segmentation of the defective regions. 
The computational costs reported in

CONCLUSION
We have presented an un-decimated wavelet decomposition based method for inspection of surface defects in woven fabrics. Each image under inspection is decomposed into a hierarchy of localized sub-images using symmetric bi-orthogonal wavelets. These sub-images were fed into an effective data fusion scheme to generate a unique fused feature map in which any potential defective region will be highlighted and the homogeneously textured background will be attenuated significantly. The intensity distribution of the fused map can be well modeled by a Gumbel distribution model. The parameters of the Gumbel model for the non-defective regions were estimated using the median values of all the parameters calculated from a set of small patches in the map using the MLE algorithm. Further reduction in computational complexity can be achieved by randomly picking certain number of the patches during this stage. A so-called LLM consisting of the log-likelihood value of each patch provides a good cluster representation of homogenously textured regions, and it can be used as a measure for discriminating the defect from the background. Further, a simple thresholding was performed on the LLM to generate the binarized segmentation result.
The proposed approach has the advantage of not requiring any standard reference for comparison. Therefore, it avoids possible problems that can be caused by uneven illumination or the scaling and translation between the reference and the samples under inspection. Its performance has been extensively evaluated with a wide variety of real textured samples. The promising results suggest that the proposed method can be used as a candidate for fabric inspection in an unsupervised manner.
